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1. Introduction

Model independence

Probing Strong gravity % 01=3, (|)2=8,('|)3a=44‘l, O3b = 35, Total =90 _ N .

Tensions in cosmology, Hawking’s black hole information 80y Rapidly growing catalog Inferr:d. parametLersbsuihl > I(?stourci posllctlor;]arel(l';;g:lcl)\i

paradox and the absence of a full quantum description of .”| of confirmed GW events 1 ”"Ice'.r a".“ (.e.g. o © ej.bloca ||ze elven dso a.rd s - :

General Relativity (GR) point towards an incomplete Seof O1 02 O3b | 82 axies in its 90.13 credible vo ume.), and a wide varlety.o
) . , , | Exciting prospects possible extensions of GR exist. Tests based on prior

tdmd.erts?tand;ng 0‘; :rav;]t.y.h This mOEcIVIE'aI:eIS ’fchebse;archdfc?r s, for new tests knowledge of anomalous waveform features are therefore

eviations from GR, which are most likely to be found in & .

the strong and dynamical regime probedyby binary black g e _ o

hole mergers. New physics may then manifest as anomalies : -)Goal.of th.|s Y"O"ki use an artificial neural n.etwc?rk as a

in the resulting spacetime metric perturbations known as ) il vt N erX|bI.e f!ttmg tool to. detect GW anoma.hes without

gravitational waves (GW). o W w a0 o e ™ restrictive assumptions of the underlying theory.

2. GW detection 3. Neural network
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4. Methodology
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